
www.jzus.zju.edu.cn; www.springer.com/journal/11582
E-mail: jzus_a@zju.edu.cn

Journal of Zhejiang University-SCIENCE A   2026 27(9):1006-1027

Feature engineering for pressure field modeling of general aircraft 
under multi-condition scenarios
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Abstract: Aerodynamic modeling of 3D aircraft under varying flight conditions is essential for aircraft optimization design. 
This study formulates the task as condition-guided regression of the surface pressure field using a point cloud-based deep 
surrogate model, in which surface mesh points, geometric attributes, and flight-condition parameters are jointly represented. The 
dataset covers Mach number from 3.0 to 10.0 and angle of attack from −10° to 10°. Within this framework, the key challenge is how 
to fuse condition and geometry features and how to aggregate local geometry while preserving generalization across configurations 
and data scales. To address this issue, we construct task-specific datasets, design representative static and dynamic fusion modules, 
and perform systematic ablation experiments on geometric aggregation backbones. The obtained results lead to two practical 
guidelines. First, condition information should be introduced through progressive static fusion, whereas late concatenation and 
attention-based reweighting require caution; modulation inspired by deep operator networks is more promising when sufficient 
data are available. Second, a hybrid aggregation backbone that uses dynamic aggregation in dense point cloud stages and static 
aggregation in sparse stages offers a better balance between accuracy and computational cost.
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1 Introduction 

Three-dimensional (3D) aerodynamic modeling 
is essential for aerodynamic shape optimization within 
multidisciplinary design optimization (Martins and 
Lambe, 2013). Although computational fluid dynam‐
ics (CFD) provides high-fidelity aerodynamic evalua‐
tions, it is computationally expensive and often re‐
quires substantial expert effort. Because aerodynamic 
optimization usually involves hundreds or even thou‐
sands of repeated evaluations, efficient surrogate 
models have become an important tool for accelerat‐
ing the design process (Liu et al., 2023).

Conventional surrogate models, such as krig‐
ing (Liu et al., 2019), polynomial response surfaces 
(Mukherjee et al., 2020), support vector regression 

(Kilic and Nikbay, 2025), and early artificial neural 
networks (Sun and Wang, 2019), are based on estab‐
lishing an explicit mapping from geometric parame‐
ters to aerodynamic coefficients. In low-dimensional 
parameter spaces, these approaches exhibit sufficient 
accuracy in prediction. For instance, Zhang et al. (2016) 
applied a surrogate-based multi-round optimization 
strategy for 2D airfoils with 17 design variables, and 
the number of samples for each round was set in 
the range of 100−300 to decrease the error of force 
coefficients.

However, when confronted with 3D aircraft fea‐
turing hundreds of geometric design parameters, the 
performance of these traditional approaches encoun‐
ters bottlenecks. The reason is that these traditional 
methods rely on parameter-independent assumptions 
and local linear approximation, which struggle to handle 
complex nonlinear coupling effects in high-dimensional 
spaces (Li et al., 2022). Advanced 3D geometric rep‐
resentation approaches are crucial for enhancing the 
accuracy and efficiency of aircraft modeling. Driven by 
the rapid advancement of deep learning, point cloud 
representation approaches, which have emerged in 
the field of computer vision (Guo et al., 2021), have 
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demonstrated significant generalization advantages over 
traditional pixel-based or graph-based approaches.

The pixel-based input approach employs a con‐
volutional neural network for flow feature extraction 
(Chen and Akasaka, 2021). This approach has difficulty 
in preserving the precision of the original grid points 
and is accompanied by a large loss of 3D spatial infor‐
mation owing to 2D pixels (Bhatnagar et al., 2019; 
Chen et al., 2021; Duru et al., 2021). The graph con‐
volutional network can fully leverage the graph-based 
information, encompassing not only points but also 
the topological relationships of grids (Hines and 
Bekemeyer, 2023; Massegur and da Ronch, 2024). 
However, current graph-based approaches are con‐
strained by their requirement for explicit modeling of 
neighborhood node topological relationships, resulting 
in computational overhead that scales exponentially 
with mesh size, hindering generalization across diverse 
geometries (Shao et al., 2023).

In contrast, the point-based approach considers 
that the relationship between points will be obtained 
by implicit mapping of neural networks, thus ignoring 
the complicated topological relationships in the graph 
structure. By treating cell vertices as point clouds, the 
natural alignment between geometric coordinates and 
physical quantities can be realized. This consistency 
in data modality not only minimizes information loss 
caused by interpolation but also establishes a solid 
foundation for a condition-guided geometric registra‐
tion task (Kashefi et al., 2021; Shen et al., 2023; 
Xiong et al., 2023).

The task of condition-guided geometric registra‐
tion essentially involves effectively fusing condition 
and geometry features. Existing research predomi‐
nantly employs static fusion methods that directly con‐
catenate low-dimensional condition vectors at the stage 
of input or output (Zhang et al., 2025). However, there 
remains a lack of exploration into the performance 
risks associated with concatenating such features at 
different network depths.

Dynamic fusion approaches, represented by deep 
operator network (DeepONet) (Shukla et al., 2024) 
and Transformer (Shih et al., 2025), have demonstrated 
powerful coupling modeling capabilities in other mul‐
timodal data association tasks. However, their applica‐
tion to the specific domain of the aircraft surface flow 
field remains relatively scarce. In light of this, we aim 

to introduce dynamic fusion concepts into this problem 
and evaluate the performance of both static and dy‐
namic fusion strategies. This will assess the suitability 
of different fusion mechanisms and prevent unneces‐
sary performance degradation due to inappropriate 
fusion.

Meanwhile, geometry feature aggregation plays 
an important role in the point cloud sampling and 
feature-extraction process. Existing aggregation strat‐
egies can be broadly divided into static and dynamic 
approaches. Static methods, represented by max pool‐
ing (Qi et al., 2017; Qian et al., 2022), aggregate local 
features using fixed operations, which may smooth or 
discard fine geometric details in local regions. For ex‐
ample, static pooling has been reported to blur edge 
features in point cloud registration tasks for autono‐
mous driving (Shi et al., 2020). Dynamic methods, ex‐
emplified by the point transformer (PT) (Zhao et al., 
2021), use attention-based weighting to adaptively ag‐
gregate neighborhood features.

The core of dynamic aggregation is attention, 
which captures geometry features within local neigh‐
borhoods. This dynamic capability enables outstand‐
ing performance in multiscale feature modeling tasks 
such as target detection (Yuan et al., 2022) and seman‐
tic segmentation (Ma et al., 2024). However, gains 
may come at the cost of a surge in computational re‐
sources. Therefore, researching the performance of dy‐
namic aggregation techniques in predicting the multi-
condition surface pressure field of aircraft can provide 
valuable recommendations for subsequent network ar‐
chitecture design.

To address the aforementioned feature engineer‐
ing challenges in this field, this paper builds upon the 
PointNeXt regression (PointNeXtReg, PNR) frame‐
work (Shen et al., 2024)—in which the inverted resid‐
ual multilayer perceptron (InvResMLP) module takes 
max pooling as the feature aggregation body—to sys‐
tematically investigate the impact of feature fusion and 
aggregation mechanisms on aircraft point cloud regis‐
tration. First, the study proposes fusion strategies for 
static concatenation at different locations and dynamic 
strategies inspired by neural operators and transform‐
ers. Then, the experiment compares the deployment 
of the InvResMLP module and PT block, providing 
design references for network architecture.
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2 Methodology 

2.1 Base framework

As shown in Fig. 1, PointNeXtReg contains three 
modules, namely, encoder, decoder, and regression 
head. The model inputs a point cloud of size n, which 
is first expanded to a 32D feature using the per-point 
multilayer perceptron (MLP). The data then go to the 
encoder, which is synergistically implemented by Set 
Abstraction and InvResMLP modules to achieve effi‐
cient point cloud feature learning. Although both adopt 
neighborhood aggregation, the purpose is hierarchical 
abstraction and homologous feature enhancement, 
respectively.

The Set Abstraction is designed to construct a 
multilevel feature pyramid, with its primary objectives 
being down-sampling and feature abstraction. The pro‐
cess begins by selecting a sparse set of centroids from 
the input point set using farthest point sampling. Sub‐
sequently, each centroid serves as the center of a local 
neighborhood defined within the original point set via 
k-nearest neighbors and ball query searches.

In this design, the selection of neighboring points 
is not intended to refine the feature of any single point. 
Instead, its purpose is to define a local geometric re‐
gion for information aggregation. The module then 
employs max pooling to consolidate the information 
from this neighborhood into a single feature vector, 

which is assigned to the corresponding centroid. This 
achieves a reduction in spatial resolution while simul‐
taneously elevating the local level of the feature.

In contrast, the InvResMLP module focuses on 
deep feature enhancement and propagation at a single 
resolution. Unlike the Set Abstraction, it does not per‐
form down-sampling. Instead, it performs a neighbor‐
hood query for each point in the input set and uses 
max pooling to aggregate neighborhood information 
to update that point’s own feature. This operation is 
designed to maintain the point cloud resolution while 
aggregating and distilling the flow features dispersed 
across individual points through rich local interactions.

The data blocks undergo pointwise length com‐
pression at each level, resulting in a latent feature. 
The latent feature is subsequently restored to the origi‐
nal scale of the point cloud. The feature is rescaled 
through interpolation based on the coordinates from 
the higher level via Feature Propagation. It is concate‐
nated with the corresponding level of the data block 
in the encoder. The feature channels are modified via 
per-point MLPs.

The compressed global latent feature size is [8, 512]. 
The model aims to infer flow characteristics through 
global-level geometry features, which are decoded to 
reconstruct the comprehensive aircraft point cloud. This 
iterative process generates a pressure field feature map 
with dimensions [n, 32]. The feature map is then fed 

Fig. 1  Architecture of the PointNeXtReg backbone network and schematic diagram of static feature fusion strategies. 
The down-sampling encoder path is composed of an initial MLP layer, Set Abstraction for down-sampling, and InvResMLP 
blocks for core feature extraction. There are k neighborhood query points in the grouping. The up-sampling decoder 
path progressively restores the per-point feature using Feature Propagation, complemented by skip connections. EC, LC, 
SC, DC, and GC are the early, late, skip, decoder, and global contacts, respectively, denoting five different locations for 
feature fusion and representing static strategies for concatenating condition features with geometry features at various 
depths of the network. j denotes the different numbers of down-sampling points, varying with the position of feature 
concatenation (indicated by differently colored dots), corresponding to n, 512, 128, 32, and 8
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into the regression head, wherein it undergoes further 
processing by per-point MLPs and a linear layer, ulti‐
mately predicting the pressure characteristics.

2.2 Geometry–condition feature fusion

2.2.1　Static fusion

Static fusion strategies integrate geometric and 
flight-condition information through feature concate‐
nation, with their core design variables being the posi‐
tion of the fusion operation within the network. To 
systematically explore this design space, we design 
and evaluate five representative static concatenation 
approaches, namely, EC, LC, SC, DC, and GC, as 
shown in Fig. 1. The fusion locations are distributed 
along the network, covering key nodes from the input 
layer to the prediction layer. Since the angle of attack 
α condition is handled during point cloud preprocess‐
ing (described in Section 3.1.4), only the Mach num‐
ber Ma condition is expanded to 8D using the MLP 
before being concatenated.

PNR-EC injects condition features at the input 
of the encoder, aiming to enable the network to learn 
condition-sensitive geometric representations from the 
initial stages. This achieves the deepest interaction be‐
tween the two types of information throughout the en‐
tire forward propagation pass. Conversely, PNR-LC 
fuses features at the final prediction head of the net‐
work, assuming that geometry and operating condi‐
tions can be separately refined into final representa‐
tions before joint prediction.

We also investigate multilevel fusion strategies 
(Perez et al., 2018; Park et al., 2019), which are predi‐
cated on the principle that condition information ex‐
erts a differential influence on feature maps at various 
resolutions. Specifically, PNR-SC injects condition 
features into each skip connection from encoder to de‐
coder, providing continuous awareness for the multi‐
level feature reconstruction process. PNR-DC performs 
fusion within each decoder’s up-sampling module. 
This approach places a greater emphasis on using con‐
dition information to directly guide the up-sampling 
and refinement of the feature maps.

Additionally, PNR-GC operates at the network’s 
bottleneck. It concatenates the most abstract global 
geometry feature map with the condition feature, and 
the resulting fused feature is then fed into the decoder. 
The rationale for this strategy is not to interfere with 
the global geometry feature extraction of the encoder, 

while the reconstruction task of the decoder is guided 
by concatenated features. Through a rigorous compar‐
ison of the above five strategies, we aim to reveal the 
performance impact of different static fusion locations.

2.2.2　Dynamic fusion

To explore more interactive fusion mechanisms, 
we further develop and investigate dynamic strategies. 
Such strategies aim to enable condition features to 
adaptively modulate geometry features based on con‐
tent. Our exploration is in the same location as PNR-
GC. Single-point fusion at the network’s bottleneck 
creates an ideal testbed, allowing us to isolate the ef‐
fects of the dynamic interaction itself and to be free 
from confounding architectural variables.

We compare two core dynamic interaction par‐
adigms, namely, one inspired by the classic style of 
neural operator, DeepONet (Lu et al., 2021), and the 
other based on attention (Vaswani et al., 2017). Refer‐
encing the trunk and branch net of DeepONet, we 
treat the condition feature as an operator that acts upon 
the geometry feature by the dot product operation. 
As shown in Fig. 2, four specific approaches, namely, 
DeepONet-style (DS), DeepONet-style and concate‐
nation (DSC), DeepONet-style and attention (DSA), 
and DeepONet-style and residual attention (DSRA), 
are designed. Let the global geometry feature output 
by the encoder be denoted as FG, and let the condition 
feature processed by the MLP be denoted as FC.

PNR-DS views geometry features as a set of 
basis vectors, while condition features are processed 
as coefficients for linear combinations. Through a dot 
product operation, this generates a novel feature FQ. 
This mechanism aims to enable condition information 
to directly reconstruct geometry features via explicit 
linear transformations. Building upon this, PNR-DSC 
introduces a concatenation operation to combine FQ 
with FG. This design is motivated by information en‐
hancement, aiming to provide richer features for sub‐
sequent network layers by preserving the original in‐
formation flow.

The attention mechanism theoretically makes fea‐
ture modulation more flexible. PNR-DSA sets up FQ 
as a Query (Q), while the original FG serves simulta‐
neously as both Key (K) and Value (V). The Query 
probes the Key, computes attention weights, and uses 
them for a weighted aggregation of FG. The essence of 
this step is to selectively enhance or suppress specific 
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patterns within global geometry features based on the 
preliminary operator modulation characteristics.

Finally, PNR-DSRA introduces a residual con‐
nection outside the attention module. The FG is added 
back to the attention module’s output. This ensures 
that the information stream can steadily pass through 
the module without loss, even if the attention block 
fails to learn an effective transformation. By analyz‐
ing these dynamic strategies, we aim to evaluate the 
potential of adaptive feature fusion in such tasks.

2.3 Geometry feature aggregation

We first need to establish a fixed fusion frame‐
work as the baseline backbone for future research. To 
this end, PNR-SC was selected due to its suitability 
for the research. PNR-SC not only ensures that the con‐
dition feature persists across all resolutions within the 
network but also minimizes interaction with the main 
encoder and decoder structures. This provides a con‐
venient testbed for subsequently implementing aggre‐
gation modules at various locations of the trunk. In the 
following study of feature aggregation, this baseline 
PNR-SC model will be referred to simply as PNR.

As mentioned in Section 2.1, the InvResMLP 
module relies on max pooling to aggregate neighbor‐
hood information. This represents a static choice. To ex‐
plore the potential of dynamic aggregation strategies, 

we introduce the PT block and design a series of de‐
ployment schemes at various locations to systemati‐
cally evaluate its impact. The PT block employs an at‐
tention mechanism to dynamically weight and aggre‐
gate features from neighboring points.

As illustrated in Fig. 3, its core principle is that 
for a central point, the contribution of each neighbor‐
ing point is computed based on their feature differences 
and relative spatial relationships. Specifically, feature 
differences are computed by mapping functions φ and 
ψ, while relative position information is encoded 
through function δ. Together, these factors determine 
the final attention weight w. This mechanism enables 
the aggregation process to perceive local geometric 
context, theoretically allowing for the effective cap‐
ture and preservation of critical structural details.

To evaluate the efficacy of the dynamic aggrega‐
tion, we design four logically progressive models. First, 
we attempt to replace all InvResMLP modules in the 
encoder with PT blocks, resulting in the PNR-PT ar‐
chitecture. The purpose of this approach is to examine 
whether dynamic aggregation outperforms static ag‐
gregation in the performance of sparse point clouds 
during the down-sampling stage for such pressure field 
prediction tasks.

Next, we insert a single PT block immediately 
after the initial pointwise MLP, yielding the PNR-IPT 

Fig. 2  (a) Two modules for fusing geometric and condition features: DS module (left), which modulates geometry features 
using weights derived from the condition vector; attention module (right), which uses the geometry–condition feature 
outputted by the DS block to query information from the geometry feature; (b) four network architectures built upon 
different fusion strategies: PNR-DS, PNR-DSC, PNR-DSA, and PNR-DSRA
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model. The core motivation is to validate the effec‐
tiveness of early dynamic aggregation. This design is 
used to examine whether modeling local geometric re‐
lationships in dense raw point clouds can provide a 
higher-quality feature foundation, which could then be 
leveraged by a computationally cheaper encoder. In 
addition, to compare the performance of the static ag‐
gregation strategy at dense point clouds, we added the 
InvResMLP module at the same location, namely, 
PNR-IIR.

Finally, to explore the upper bounds of perfor‐
mance, we concatenate the PT block for each pre‐
ceding module of the regression head, resulting in 
PTR. Through comparisons of these four deployment 
schemes against the baseline PNR model, we aim to 

systematically reveal the value of dynamic aggrega‐
tion and to provide valuable practical guidelines for in‐
tegrating attention mechanisms in similar architectures.

3 Experimental setup 

3.1 Dataset generation

3.1.1　Numerical validation

According to the study (Erickso, 1990), using the 
inviscid method is acceptable for aerodynamic evalua‐
tion in high-speed environments. The computational 
speed is relatively fast, meeting the requirements of 
substantial samples. In this work, we describe the 

Fig. 3  (a) Representation of the baseline network modules and PT block architecture; (b–e) four distinct network 
backbones designed to investigate the performance of various combinations of static InvResMLP and dynamic PT 
modules: (b) PNR-PT, a fully dynamic architecture where all InvResMLPs are replaced by PT blocks; (c) PNR-IPT, an 
architecture that introduces a PT block after the initial MLP layer; (d) PNR-IIR, an architecture that first uses an 
InvResMLP block after the initial MLP layer; (e) PTR, point transformer regression architecture shown for comparison. 
γ is the intermediate variable resulting from the addition operation, and then it undergoes processing by the MLP
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behavior of inviscid and compressible air in a flow 
field using the Euler equations. They can be expressed 
as:

ì

í

î

ïïïï

ïïïï

Ñ ×(ρu)= 0

Ñ ×(ρu ⊗ u)+Ñp = 0

Ñ ×(ρE + p)u = 0
(1)

where u is the fluid velocity; ρ is the density; p is the 
pressure; E is the total energy per unit mass and can 
be expressed as:

E =
1
2

u2 +
1
γ - 1

p
ρ

. (2)

We employ the density-based implicit solution 
method. The air is assumed to be an ideal gas. A second-
order spatially accurate upwind scheme, with the ad‐
vection upstream splitting method (AUSM) applied to 
the flux vector, is adopted, and the gradient is calculated 
using a Gaussian–Green method. To ensure stability, 
the starting Courant–Friedrichs–Lewy (CFL) number 
is set to 0.1, and the maximum CFL number is set to 
0.6. The computation terminates when the residual 
drops to 1×10−6 or after 10000 iterations.

The simulation method is first validated on the 
space shuttle benchmark geometry with high-fidelity 
experimental data. Regarding mesh independence, we 

employed automatic meshing techniques to rapidly 
generate unstructured meshes, which were then opti‐
mized multiple times. This approach ensured that the 
number of mesh elements is consistent with that used 
in the research group’s previously validated work 
(Shen et al., 2024) while also guaranteeing the quality 
of convergence. The entire validation process is shown 
in Fig. 4. We set the value of the reference area to 
0.01 m2. The experimental values and simulation re‐
sults displayed in Fig. 5 are consistent with the work 
(Ding et al., 2015), demonstrating the correctness of 
the numerical simulation.

3.1.2　Sample simulation

To study the generalization performance under 
multi-condition scenarios, we create a dataset. The 
shape of the samples is derived from the space shuttle 
variations (Shen et al., 2023). The differences between 
the shapes are obvious and can be used to study gener‐
alization properties. Moreover, to efficiently sample 
the conditions and avoid duplication, a Latin hyper‐
cube sampling method is employed in the range of 
Ma∈ [3.0, 10.0] and α∈[−10°, 10°]. The method is a 
statistical method for generating a near-random sam‐
ple of parameter values from a multidimensional dis‐
tribution, which ensures that the set of random num‐
bers generated is a good representation of the real 
variability of parameters.

Fig. 5  Results of numerical validation: (a) drag coefficient Cd; (b) lift coefficient Cl; (c) lift-to-drag ratio Cl/Cd

Fig. 4  Flowchart of numerical validation
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Then, based on the accumulated experience to 
improve the robustness of automated meshing as de‐
scribed in Section 3.1.1, we normalize the length of 
all aircraft to 0.51 m. This operation aligns with the 
similarity principle of inviscid flow. The pressure far-
field radius is set to 0.7 m, ensuring fully developed 
aerodynamic performance. The samples involve sur‐
face meshes exceeding 2×105 points and total volu‐
metric meshes surpassing 3×106 points, holding practi‐
cal significance for 3D pressure field prediction and 
high-dimensional aerodynamic surrogate modeling. We 
have completed the simulations using node resources 
on the BSCC-A6 supercomputing system based on 
Python. The configuration of one computing node is 
AMD7452@2.35 GHz, with 256 GB of memory and 
64 cores. Fig. 6 outlines the procedure for sample gen‐
eration by simulation.

3.1.3　Ablation setting

Through simulations, a total of 1646 converged 
samples were obtained. To ensure a fair evaluation, 
100 samples were first randomly selected as a fixed 
test set, which was used exclusively for reporting the 
final performance of all models. The remaining 1546 
samples were used for training and validation. It 
should be noted that the sample sizes of 352 and 1194 
were not arbitrary prescribed ratios but two naturally 
formed groups of converged samples during the staged 
CFD campaign, corresponding to an early low-data re‐
gime and a larger-data regime after further data accu‐
mulation, respectively.

To systematically investigate model generaliza‐
tion and robustness, three training scenarios were de‐
signed. (1) Limited-data scenario: 352 samples were 
used for training, with the remaining 1194 samples 
serving as the validation set; (2) moderate-data scenario: 
a complementary split was adopted, with 1194 sam‐
ples used for training and 352 samples used for vali‐
dation; (3) full-data scenario: all 1546 samples were 
used for training. Validation was performed on the 
same 352 samples used in the moderate-data scenario.

It is important to emphasize that our model re‐
ceives a sparse point cloud as input during training, 

which is obtained by farthest point sampling with a 
fixed random number. In the validation phase, model 
evaluation is performed on the original point cloud. In 
the full-data scenario, although the geometry corre‐
sponding to the validation set exists in the training 
set, it can demonstrate the reconstruction capability of 
the high-resolution point cloud.

We also note that a key parameter investigated in 
the study is the neighborhood size k for grouping fea‐
ture aggregation (Fig. 1). Therefore, we configured 
distinct sizes at the same sampling radius for our two 
main ablation studies: k=4 for the feature fusion ana‑
lysis and k=16 for the geometric aggregation study. 
Through this nested ablation study, we are able to con‐
duct a more rigorous and comprehensive evaluation 
of the model architecture while keeping the test set 
constant.

3.1.4　Sample simulation

To convert the numerical simulation results into 
point cloud mode, we extract the original surface mesh 
centroid coordinates (x0, y0, z0) and face normal vec‐
tors (nx, ny, nz) as inputs, using pressure coefficients 
Cp as the outputs for supervision. The surface meshes 
of the samples typically consist of approximately 2×
105 elements. To reduce the computational burden and 
retain redundant information, a preprocessing stage is 
applied to the training samples. This stage utilizes far‐
thest point sampling to down-sample each sample to 
4×104 points, thereby preserving essential geometric 
characteristics. The α is essentially a geometric atti‐
tude parameter, while the Ma is the eigenparameter 
that determines the physical state of the flow. There‐
fore, a data-driven strategy consistent with the physi‐
cal process is adopted, and the α information is inno‐
vatively integrated into the geometry by multiplying 
with the points during the down-sampling process, as 
demonstrated in Eq. (3):
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where x, y, and z are the changed surface mesh cen‐
troid coordinates.

Different from directly combining the α feature 
with the geometry feature at the data level, we input the 
Ma information and normalize it to [0, 1] by min–max 

Fig. 6  Automatic process for sample generation by simulation
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scaling. Since the origin of our coordinates is in the 
middle of the length of the aircraft, we normalized the 
changed geometric coordinates (x, y, z) to [−1, 1] with 
the maximum distance from the origin. In deep learn‐
ing, normalization is a crucial step in data preprocess‐
ing. Normalization technology adjusts the scale of 
input data so that the data have a similar distribution 
range, improving the model’s solution speed and gen‐
eralization ability.

3.2 Training strategies

3.2.1　Down-sampling and augmentation

During model training, to address GPU memory 
constraints while effectively capturing essential geom‐
etry features, we employ a combined strategy of down-
sampling and augmentation for point clouds. For each 
training epoch and each sample, the 4×104 input points 
are randomly down-sampled to 4096 points, followed 
by applying data augmentation to the 4096 points. 
Data augmentation is a critical technique in deep learn‐
ing that expands the training dataset’s size and diver‐
sity by adopting stochastic transformations to raw data, 
thereby improving model generalization, mitigating 
overfitting, and enhancing robustness.

In this work, some of the common augmentation 
operations on point cloud processing are independently 
applied. (1) Random rotation: a rotation radian is uni‐
formly sampled from [−0.5, 0.5] to rotate the point 
cloud coordinates and normal vectors around the in‐
flow axis. Since gravity is neglected in the numerical 
simulations, rotations along the inflow axis preserve 
physical consistency, while rotations around other axes 
violate the governing equations. (2) Random translation: 
three translation distances are independently sampled 
from the uniform interval [ −0.2, 0.2], corresponding 
to the addition operation along the x-, y-, and z-axes, 
respectively. (3) Random jittering: each point’s coor‐
dinates are perturbed by randomly sampling from a 
normal distribution N (0 0.0012 ), introducing local 
variations while preserving the global structure. These 
methods collectively enhance the model’s adaptability 
to geometric and positional variations in point cloud 
data.

3.2.2　Optimization and loss

We accelerate convergence with batch normaliza‐
tion technology. Specifically, considering computational 

efficiency and gradient stability across different data 
scales, we set the batch size to 16 in the limited-data 
scenario. In the moderate-data and full-data scenarios, 
the batch size is uniformly set to 32. To ensure fair ex‐
perimental comparisons, all other hyperparameters re‐
mained consistent across all experiments.

We empirically select AdamW as the optimizer 
with commonly used hyperparameter settings, includ‐
ing an initial learning rate of 1×10−3 and a weight decay 
of 1×10−4. These settings are further examined in Sec‐
tion 4.2.3. The model is trained for 5000 epochs. We 
adopt the mean squared error EMS of Cp as the loss 
function, with the form of Eq. (4). The same EMS is 
also used as the evaluation metric during the predic‐
tion phase.

EMS =
1
n∑

i = 1

n

(Ĉpi -Cpi )
2 (4)

where Cpi and Ĉpi are the ground truth of CFD and 
the prediction of model for the ith point, respectively.

All training experiments were conducted on the 
computing cluster using an NVIDIA RTX 4090 GPU 
with 24 GB of VRAM, with training times of approxi‐
mately 10, 34, and 42 h for the three data-scale sce‐
narios, respectively. These differences mainly reflect 
the increase in training data size. The final inference 
tests were performed on a personal workstation with 
an NVIDIA RTX 3090 GPU with 24 GB of VRAM. 
Since testing used a full-resolution surface point cloud, 
the inference time and memory usage were strongly 
affected by the model architecture, especially in the 
exploration of feature aggregation.

4 Results and discussion 

4.1 Evaluation of feature fusion

4.1.1　Training dynamics

Fig. 7 illustrates the training and validation loss 
curves of different feature fusion approaches across 
three data scenarios, providing preliminary qualitative 
insights for subsequent quantitative analysis. From 
the perspective of training loss shown in Fig. 7a, all 
models effectively converge to similar levels across 
different data scenarios without exhibiting phenomena 
such as gradient vanishing. This demonstrates the opti‐
mization feasibility of all proposed architectural designs.
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The validation loss curves in Fig. 7b reveal two 
completely different behavior patterns—shape general‐
ization and high-resolution reconstruction—depending 
on whether the evaluation samples are within the train‐
ing domain. In the limited-data and moderate-data 
scenarios, the validation results demonstrate general‐
ization to unseen shapes. PNR-DSA and PNR-DSRA 
exhibit generalization failure in these two scenarios, 
respectively, with their validation losses remaining 
persistently high. Additionally, PNR-LC shows classic 
signs of overfitting in the moderate-data scenario, 
where its validation loss consistently rises for a period 
of decline. Beyond these three inappropriate feature 
engineering approaches, the remaining methods form 
a high-performance cluster, demonstrating reliable gen‐
eralization performance.

The validation phase of the full-data scenario as‐
sesses the ability to reconstruct a full-resolution point 
cloud with the same geometric shape from sparsely 
trained point clouds. In this task, all models exhibit 
similar and effective convergence behavior. At this 
stage, the core task of the model is to interpolate in a 
known geometry, rather than inferring an unknown 
structure. Consequently, the stable behavior reflects 
the model’s ability to memorize specific samples, 

rather than its generalization capability on unseen data. 
Finally, all the fusion variants complete inference on 
the test set within 1 s, indicating that their computa‐
tional cost differences are negligible.

4.1.2　Testing of static fusion

To quantify the effect of different static fusion 
strategies on model generalization, the models trained 
with the seed set to 0 were first evaluated on 100 un‐
seen test samples using the EMS of Cp. The results are 
reported in Table 1, where PNR-EC is used as the 
baseline method. For each data scenario, the best-
performing method is highlighted in bold, while the 
worst-performing method is italicized.

Consistent with the trends observed in the valida‐
tion curves, PNR-LC achieves the lowest EMS in the 
limited-data scenario, improving over PNR-EC by 
6.7%. However, this advantage does not persist as the 
data scale increases. In the moderate-data and full-data 
scenarios, PNR-LC deteriorates by 13.0% and 8.1%, 
respectively. This suggests that late fusion may be ben‐
eficial when training data are scarce, but its capacity 
to model the complex nonlinear coupling between 
geometry features and flight-condition features may be‐
come insufficient when more training data are available.

Fig. 7  Convergence analyses of various fusion strategies for condition and geometry features in the three data scenarios: 
(a) training loss; (b) validation loss
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Among the remaining methods, PNR-DC shows 
relatively stable performance in the single-seed com‐
parison, reducing the EMS by 7.8%, 3.4%, and 0.2% in 
the limited-data, moderate-data, and full-data scenarios, 
respectively. This indicates that progressively injecting 
condition features into the decoder may provide a com‐
paratively robust fusion scheme. In contrast, PNR-SC 
and PNR-GC exhibit relatively small variations across 
different data scales but do not show a consistent ad‐
vantage over the baseline.

It should be noted that the improvements of the 
static fusion strategies over PNR-EC are generally lim‐
ited, with most changes being smaller than 10.0%. 
Therefore, the results based on a single random initial‐
ization are insufficient to determine whether these dif‐
ferences originate from the fusion strategies themselves 

or from random initialization and training variability. 
Motivated by this observation, seeds set to 1, 2, 3, and 
4 were further introduced, and the EMS changes of each 
static fusion strategy relative to PNR-EC were com‐
pared in a paired manner across three data scenarios 
and five random seeds, as shown in Fig. 8.

The multiseed results confirm that the main risk 
lies in late fusion. PNR-LC exhibits a consistent deg‐
radation relative to PNR-EC, with an overall mean 
change of −10.7% and a 95% confidence interval of 
[−15.5%, −5.9%]. In particular, the mean changes 
in the moderate-data and full-data scenarios are 
−16.6% and −12.9%, respectively, and their confidence 
intervals remain entirely below 0%. This indicates 
that late concatenation is consistently weaker in the 
present task, likely because it lacks sufficiently deep 

Fig. 8  Distribution of the relative change in EMS of Cp for static fusion strategies with respect to the baseline PNR-EC: (a) 
results separated by data scenarios; (b) results aggregated over all scenarios and random seeds. The EMS of Cp is computed 
over three data scenarios and five random seeds. Positive values denote a reduction in EMS relative to PNR-EC, whereas 
negative values denote an increase in EMS. Dots denote individual seeds, hollow diamonds denote mean values, and vertical 
lines indicate 95% confidence intervals

Table 1  Effect of static fusion strategies on the EMS of Cp over 100 unseen test samples

Scenario

Limited-data

Moderate-data

Full-data

EMS of Cp

PNR-EC (baseline)

8.37×10−4

5.52×10−4

5.55×10−4

PNR-LC

7.81×10−4 (−6.7%)

6.24×10−4 (+13.0%)

6.00×10−4 (+8.1%)

PNR-SC

8.66×10−4 (+3.5%)

5.49×10−4 (−0.5%)

5.72×10−4 (+3.1%)

PNR-DC

7.72×10−−4 (−−7.8%)

5.33×10−−4 (−−3.4%)

5.54×10−−4 (−−0.2%)

PNR-GC

7.83×10−4 (−6.5%)

5.63×10−4 (+2.0%)

5.54×10−−4 (−−0.2%)
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interaction between geometric and flight-condition 
features.

In contrast, the mean changes in PNR-SC, PNR-
DC, and PNR-GC are all close to 0%, with overall 
values of −0.8%, +0.8%, and +1.2%, respectively. 
Their 95% confidence intervals all cross 0%, indicat‐
ing that their improvements over PNR-EC are not sta‐
tistically reliable under the current five-seed setting. 
Therefore, the static-fusion study does not demon‐
strate that one strategy is universally superior. Instead, 
it shows that late fusion is a consistently risky design, 
whereas deeper or multilevel fusion strategies provide 
more robust alternatives.

4.1.3　Testing of dynamic fusion

To provide a more intuitive comparison of differ‐
ent dynamic fusion strategies, Fig. 9 presents the pre‐
dictive performance of each model relative to the static 
fusion baseline PNR-GC. Specifically, Fig. 9a reports 
the relative improvement in the EMS of Cp, where 
positive values indicate error reduction compared with 
PNR-GC and negative values indicate error increase. 

Fig. 9b further shows the error distributions of the 
global drag and lift coefficients Cd and C l. It should 
be noted that this figure is based on results from a sin‐
gle random seed and is therefore intended to illustrate 
performance trends among different methods rather 
than provide evidence of statistical significance.

As shown in Fig. 9a, PNR-DS increases the EMS 
by 7.4% in the limited-data scenario, indicating a cer‐
tain degree of degradation. However, it reduces the 
EMS by 14.6% and 16.1% in the moderate-data and full-
data scenarios, respectively, achieving the most pro‐
nounced improvements in these two settings. This 
suggests that direct dynamic feature replacement may 
be unstable when data are limited but can offer stron‐
ger performance potential when sufficient data are 
available. In contrast, PNR-DSC shows relatively small 
variations: it degrades EMS by only 1.0% in the limited-
data scenario and reduces the EMS by 2.5% and 1.6% 
in the moderate-data and full-data scenarios, respec‐
tively. This may indicate that concatenation-based dy‐
namic feature enhancement provides a more conserva‐
tive and stable fusion design.

Fig. 9  Performance comparison of dynamic fusion strategies with respect to the baseline PNR-GC: (a) percentage 
change in EMS for four dynamic fusion models under three data scenarios; (b) violin plots of the prediction errors for Cd 
and C l, where the error is defined as ground truth minus prediction. Red bars indicate performance degradation, and 
green bars indicate performance improvement. Narrower distributions centered around 0 indicate more accurate and 
stable integral-coefficient predictions
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The attention-based variants, however, exhibit 
more pronounced instability. PNR-DSA remains nearly 
comparable to the baseline in the moderate-data sce‐
nario, with only a 0.2% EMS reduction, but leads to EMS 
increases of 75.6% and 56.3% in the limited-data and 
full-data scenarios, respectively. PNR-DSRA degrades 
EMS by 7.0% in the limited-data scenario and 30.1% in 
the full-data scenario and shows the most severe deg‐
radation in the moderate-data scenario, where the EMS 
increases by 95.6%. These results indicate that intro‐
ducing attention mechanisms does not consistently 
improve the effectiveness of dynamic fusion. Instead, 
it may increase the sensitivity of the model to the data 
scale and training conditions.

Fig. 9b further demonstrates that this instability 
is propagated to the prediction of integrated aerody‐
namic coefficients. In the violin plots, a wider body 
and longer tails indicate larger error variance and more 
outlier samples. The error distributions of Cd and C l 
for PNR-DS and PNR-DSC are generally more com‐
pact, with most errors concentrated around 0. In con‐
trast, the attention-based models show broader error 
distributions and more pronounced long-tailed behav‐
ior in their degraded scenarios, such as PNR-DSA 
under the limited-data scenario and PNR-DSRA under 
the moderate-data scenario. This suggests that the in‐
stability of attention-based variants is not limited to 
local Cp prediction but further affects the reliability of 
global aerodynamic prediction.

Overall, Fig. 9 suggests that the effectiveness of 
dynamic fusion strategies is strongly dependent on 
the data scale. PNR-DS shows greater performance 
potential when sufficient data are available, whereas 
PNR-DSC provides a more robust design choice. The 
attention-based variants exhibit stronger data-dependent 

degradation and less stable error distributions, suggest‐
ing that the learned weighting patterns may not be suf‐
ficiently robust. Therefore, the following subsection 
further diagnoses the failure modes associated with at‐
tention mechanisms through latent feature visualiza‐
tion and surface attention/error mapping.

4.1.4　Diagnostic analysis of attention-based dynamic 
fusion

To make clear that the attention module does not 
always establish a stable correspondence among the 
condition-driven Query, the geometry-driven Key, and 
the surface pressure response, we diagnose PNR-DSA 
from three complementary levels. First, Fig. 10 exam‐
ines the sample-wise EMS distribution in the condition 
space to determine whether the error is governed by a 
simple input variable. Then, Figs. 11 and 12 analyze 
the organization and compactness of the Query/Key 
latent representation using t-distributed stochastic neigh‐
bor embedding (t-SNE) and principal component analy‐
sis (PCA), respectively. Finally, the three best/median/
worst surface-attention maps in Figs. 12 are discussed 
as a unified evidence set, while the main text retains a 
fixed-sample cross-scenario comparison to isolate how 
the training-data regime changes the learned attention 
organization and the resulting prediction error.

Fig. 10 shows that large-error samples are not 
strictly confined to a specific conditional interval or 
shape-index range. This observation weakens an overly 
simple explanation that model failure is caused only 
by a condition or a specific shape. The comparison 
among the three scenarios further indicates that the 
data scale changes the error landscape of PNR-DSA 
but does not guarantee monotonic improvement in all 
regions. This is because the attention module needs to 

Fig. 10  Sample-wise EMS distribution of PNR-DSA in the Ma–α condition space. Each bubble denotes one test sample, 
the bubble area is proportional to the sample-wise EMS of Cp, and the color denotes the shape index S
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establish matching relations between condition fea‐
tures and geometry features, and these relations are re‐
organized when the training distribution changes. For 
this diagnostic case, moderate-data scenario may pro‐
vide a more suitable calibration strength, allowing some 

edge samples and high-error samples to be corrected. 
In contrast, full-data scenario may introduce more com‐
plex geometry-condition combinations, causing the ex‐
isting matching relations to become oversmoothed, 
overcompressed, or locally mismatched.

Fig. 11  t-SNE visualization of concatenated Query/Key embeddings of PNR-DSA under different training data scenarios: 
(a) Ma; (b) α; (c) S; (d) lgEMS. Each row uses the same t-SNE projection

Fig. 12  Cumulative explained variance of the Query and Key projections in PNR-DSA: (a) Query projection; (b) Key 
projection. The dashed line denotes the 95% cumulative-variance threshold. PC95 denotes the number of principal components 
required to reach 95% threshold
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Fig. 11 visualizes the concatenated Query/Key 
representations using t-SNE. In the limited-data sce‐
nario, the dimension-reduced representations of the test 
samples exhibit a diffuse distribution, with all four 
coloring variables showing substantial mixing. In the 
moderate-data scenario, clearer clusters emerge, and 
this structure exhibits the most consistent gradient when 
colored by Ma. In contrast, α, S, and lgEMS remain vis‐
ibly mixed within the same branches. Therefore, these 
clusters should not be interpreted as a complete dis‐
entanglement of all input variables. Instead, they are 
more appropriately understood as several relatively 
stable local attention neighborhoods formed along the 
Ma-dominated direction. In the full-data scenario, the 
representations exhibit a more continuous band-like 
distribution, while the Ma gradient remains evident.

The Query/Key representations in the moderate-
data scenario are neither as poorly organized as those 
in the limited-data scenario nor compressed into a sin‐
gle continuous ordering as in the full-data scenario. 
Instead, they preserve distinguishable local subgroups. 
Such local calibration may help the attention module 
reuse stable matching relations within similar flow con‐
ditions while avoiding the forced merging of substan‐
tially different α values and configurations into a sin‐
gle global direction. This interpretation is consistent 
with the PCA results in Fig. 12, where the moderate-
data Query representations are relatively compact, 
whereas the Key representations still retain moderate 
flexibility. It also provides a potential explanation for 
the lower median and mean errors observed in this 
scenario.

The PCA results in Fig. 12 quantify the latent 
structure differences observed in Fig. 11. For the Query 
projection, the limited-data scenario requires more than 
20 principal components to reach the 95% explained-
variance threshold. This indicates a highly dispersed 
condition-driven representation that cannot be summa‐
rized by a few stable directions. Such dispersion may 
make the attention weights more sensitive to sample 
perturbations and weaken the stable modulation of the 
geometry feature space by condition embedding.

In contrast, the Query projection in the moderate-
data scenario reaches the threshold with only two prin‐
cipal components, indicating a much more compact 
condition representation. Meanwhile, its Key projec‐
tion requires nine principal components, preserving 
sufficient degrees of freedom for geometry. In the 
full-data scenario, the Query projection is further 

compressed into only one dominant component, while 
the Key projection still requires 14 principal compo‐
nents. This suggests a potential imbalance between an 
overcompressed condition representation and a rela‐
tively complex geometric representation. Therefore, 
the reliability of attention-based fusion depends on 
a balanced Query/Key organization rather than simply 
on the training-data size or the compression degree of 
one side of the representation.

Figs. S1–S3 in the electronic supplementary ma‐
terials (ESM) provide the surface attention, predicted 
pressure field, and pointwise residual maps under the 
three regimes. It should be noted that the surface-
attention color scale is normalized independently in 
each panel. Therefore, color intensity should not be 
directly compared across different panels. A more reli‐
able interpretation is to compare the relative spatial 
pattern within each panel and relate it to the colorbar 
range and sample-wise error.

Overall, the visual structure in the attention map 
does not guarantee reliable pressure-field prediction. 
In the limited-data scenario, the maximum attention 
weight is close to a uniform distribution, indicating 
that the model has not learned sufficiently discrimina‐
tive attention selection. In the moderate-data scenario, 
some samples show more selective attention parti‐
tions and lower overall error. In the full-data scenario, 
some samples exhibit large-scale partitioned or nearly 
saturated attention, suggesting that a larger training set 
may introduce geometry-condition modes that are dif‐
ficult to reconcile through direct attention reweight‐
ing. This evidence is consistent with Figs. 10–12: the 
failure of attention does not arise from the absence of 
visual hotspots but from an unstable correspondence 
among Query/Key latent organization, surface weights, 
and the true pressure response.

Fig. 13 fixes the same geometry-condition sam‐
ple, and therefore removes the confounding effect of 
changing inputs. Although all three columns use iden‐
tical Ma=8.8, α=9.2°, and S=286 samples, the learned 
attention distributions differ substantially across the 
training scenarios. This confirms that the surface at‐
tention map is not an intrinsic property of the geome‐
try alone. It is a learned organization determined by the 
interaction among the training distribution, the condi‐
tion embedding, and the geometric representation.

For this sample, the moderate-data model gives 
an EMS of 5.350×10−4, which is approximately one 
order of magnitude lower than the limited-data model 

1020



J Zhejiang Univ-Sci A   2026 27(9):1006-1027    |

result and approximately 66% of the full-data re‐
sult. The limited-data model has an almost uniform 
maximum-attention pattern and produces stronger posi‐
tive and negative residuals over the surface. The full-
data model produces nearly saturated attention weights, 
indicating an overconfident global partition, but its re‐
sidual remains larger than that of the moderate-data 
model. By comparison, the moderate-data model avoids 
both near-uniform and fully saturated attention patterns, 
and its residual field is weaker and more localized.

This fixed-sample comparison reinforces the con‐
clusion from Figs. S1–S3 of the ESM: attention-based 
fusion is not intrinsically ineffective, but it is reliable 
only when the Query/Key representation, surface atten‐
tion weights, and pressure-response structure remain 
stably calibrated. This diagnosis also helps explain why 
PNR-DS and PNR-DSC are more robust in the quanti‐
tative comparison, as they retain the original geometry 
feature stream and use the conditionally generated dy‐
namic feature as complementary information. In con‐
trast, PNR-DSA directly redistributes geometric infor‐
mation through learned attention weights, making it 

more susceptible to undercalibrated, overcompressed, 
or near-saturated attention patterns.

4.2 Evaluation of feature aggregation

4.2.1　Training dynamics

Fig. 14 presents the training dynamics of the base‐
line PNR backbone and four logically progressive dy‐
namic aggregation models (PNR-PT, PNR-IPT, PNR-
IIR, and PTR). As the number of data samples in‐
creases, the curves differ more from each other than 
the curves of fusion strategies in Fig. 7 (except for 
PNR-LC, PNR-DSA, and PNR-DSRA). This means 
that the research value of fusion strategies lies in iden‐
tifying high-risk integration patterns. However, the ag‐
gregation mechanism represents a more fundamental 
architectural design decision, and in-depth analysis of 
its performance is essential.

When assessing generalization on unseen sam‐
ples, the performance of the aggregation backbones is 
highly dependent on the data scale. In the limited-data 
scenario, the curves are largely indistinguishable. 

Fig. 13  Cross-scenario surface visualization of PNR-DSA for a fixed test configuration: (a) surface attention concentration; 
(b) predicted pressure coefficient Ĉp; (c) pointwise prediction error Ĉp-Cp. The shared test configuration is specified by 
Ma=8.8, α=9.2°, and S=286, with seed set to 0
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However, as the scale is moderate data, a subtle but 
consistent performance hierarchy emerges: PNR-IPT, 
PNR-IIR, and PTR distinguish themselves by achiev‐
ing a lower validation loss than both PNR and PNR-
PT. This provides a possible explanation that deploying 
dynamic aggregation modules to process dense point 
clouds can help improve generalization performance.

The superiority of dynamic aggregation becomes 
clear in the full-data scenario, which evaluates the abil‐
ity to reconstruct a field at high resolution. In this sce‐
nario, the architectures employing the PT block out‐
perform the static baseline, with a validation loss lower 

than PTR. This indicates that when the task shifts to 
high-fidelity field reconstruction of known samples, 
the advantages of the complex dynamic module be‐
come apparent, serving as the key to enhance predic‐
tion accuracy.

4.2.2　Testing of geometric aggregation

To quantify the performance of different aggre‐
gation backbones, we evaluate the EMS of Cp on 100 
unseen samples for PNR-PT, PNR-IPT, PNR-IIR, 
PTR, and the baseline PNR. Table 2 summarizes the 
results of the models in various scenarios, with the 

Table 2  Effect of aggregation backbones on the EMS of Cp over the test set and corresponding computational costs

Aggregation 
backbone

PNR (baseline)

PNR-PT

PNR-IPT

PNR-IIR

PTR

EMS of Cp

Limited-data

6.64×10−4

8.17×10−4 (+23.0%)

6.63×10−4 (−0.2%)

6.38×10−4 (−3.9%)

6.27×10−−4 (−−5.6%)

Moderate-data

4.88×10−4

5.06×10−4 (+3.7%)

4.35×10−4 (−10.9%)

4.14×10−4 (−15.2%)

3.98×10−−4 (−−18.4%)

Full-data

4.72×10−4

4.94×10−4 (+4.7%)

4.48×10−4 (−5.1%)

7.44×10−4 (+57.6%)

4.47×10−−4 (−−5.3%)

Computational cost

Training GPU 
memory (GiB, 
batch size is 32)

3.25

4.38

9.09

8.59

14.11

Test GPU 
memory (GiB 

per sample)

1.43

1.44

3.91

1.85

4.09

Test time 
(min, 100 
samples)

1

1

32

26

63

Fig. 14  Convergence analyses of various aggregation strategies for geometry features in the three data scenarios: (a) training 
loss; (b) validation loss
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best and worst performers highlighted in bold and ital‐
ics, respectively. The last line shows the total time 
spent on the test.

We find that replacing static layers with the PT 
block may be a suboptimal design choice. As shown 
in the Table 2, PNR-PT underperforms the static base‐
line PNR in three data scenarios, with performance 
degradations of 23.0%, 3.7%, and 4.7%, respectively. 
This suggests that for such tasks, the theoretical ad‐
vantages of attention mechanisms may manifest only 
when processing dense and feature-rich point clouds. 
Conversely, for the sparse point cloud encountered 
during the down-sampling stages, the simpler static 
module proves to be more reliable.

PNR-IPT compensates for the loss incurred by 
PNR-PT relative to the baseline model in the three 
data scenarios, achieving EMS reductions of 10.9% and 
5.1% in the moderate-data and full-data scenarios, re‐
spectively. Although PNR-IIR reduces EMS to a greater 
extent by 3.9% and 15.2% in the limited-data and 
moderate-data scenarios, it suffers a catastrophic fail‐
ure in the full-data scenario (EMS surged by 57.6%). 
Therefore, utilizing the dynamic block for local infor‐
mation enhancement in the early network stage can 
provide a more reliable and higher-quality input for 
subsequent modules.

PTR introduces the PT block during the up-
sampling stage and achieves the best performance 
across all three data scenarios, with EMS reductions of 
5.6%, 18.4%, and 5.3%, respectively. This indicates 
that beyond feature extraction in the early stages of 
the network, enhancing local geometric relation mod‐
eling in the decoder can also improve prediction accu‐
racy. However, the accuracy gain of PTR comes with 
a clear increase in computational cost. During train‐
ing, PTR requires 14.11 GiB of GPU memory, which 
is higher than PNR-IPT at 9.09 GiB and the baseline 
model at 3.25 GiB. During testing, PTR also shows the 
highest memory usage, requiring 4.09 GiB per sample, 
compared with 3.91 GiB per sample for PNR-IPT and 

1.43 GiB per sample for the baseline model. In addi‐
tion, PTR requires 63 min to predict 100 samples, 
which is approximately twice the time required by 
PNR-IPT and approximately 60 times that of the base‐
line model.

This difference mainly results from the different 
local feature aggregation strategies. The InvResMLP 
module aggregates neighborhood features mainly through 
max pooling, which is computationally straightforward. 
In contrast, although the PT block uses local k-nearest 
neighbors to restrict the attention range, it still needs 
to compute attention weights, positional encodings, 
and weighted feature aggregation between each center 
point and its neighboring points. Therefore, as the 
number of points increases during the up-sampling 
stage, attention-based aggregation introduces more in‐
termediate features and computational steps, increas‐
ing GPU memory usage during both training and test‐
ing, substantially extending inference time. Overall, 
PTR achieves the best prediction accuracy at the cost 
of higher computational and memory overhead.

4.2.3　Parameter sensitivity analysis

Additionally, to address the sensitivity of the 
model to training hyperparameter choices, we further 
conducted a lightweight parameter sensitivity analysis 
on the PNR model by varying the learning rate and 
weight decay. Starting from the default setting, we 
tested a smaller learning rate of 5×10−4, a larger learn‐
ing rate of 2×10−3, and a reduced weight decay of 1×
10−4. The results in Table 3 show that, across the three 
data-scale scenarios, the test EMS of Cp remains within 
the same order of magnitude, and most perturbed set‐
tings further reduce the EMS. Specifically, the relative 
EMS improvement over the default setting ranges from 
0.6% to 21.5%. This indicates that the performance of 
the PNR model does not rely on a fragile set of opti‐
mizer hyperparameters and that the model maintains 
good training stability within the tested range of 
learning-rate and weight-decay perturbations.

Table 3  Effect of learning rate and weight decay on the EMS of Cp over 100 unseen test samples

Setting

Baseline

Smaller learning rate

Larger learning rate

Smaller weight decay

Learning rate

1×10−3

5×10−4

2×10−3

1×10−3

Weight decay

1×10−4

1×10−4

1×10−4

1×10−5

EMS of Cp

Limited-data

8.66×10−4

7.64×10−4 (−11.8%)

8.29×10−4 (−4.3%)

8.61×10−4 (−0.6%)

Moderate-data

5.49×10−4

5.26×10−4 (−4.2%)

4.87×10−4 (−11.3%)

4.86×10−4 (−11.5%)

Full-data

5.72×10−4

5.08×10−4 (−11.2%)

4.60×10−4 (−19.6%)

4.49×10−4 (−21.5%)
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Building on this analysis, we further investigate 
the influence of the neighborhood size k in the group‐
ing operation on aggregation performance. As shown 
in Table 4, for the PNR model, increasing k from 4 to 
16 leads to clear improvements in the EMS of Cp across 
all three data-scale scenarios, with reductions ranging 
from 11.1% to 23.3%. Compared with the sensitivity 
results for the learning rate and weight decay, the 
neighborhood size k directly controls the range of lo‐
cal geometry feature aggregation, and therefore has a 
more explicit structural and physical meaning. For air‐
craft geometries with complex shapes, strong local 
curvature variations, and highly nonuniform flow fea‐
tures, a larger neighborhood receptive field helps the 
model capture local surface characteristics that are 
closely related to the aerodynamic response, thereby 
improving the prediction accuracy of the pressure 
coefficient.

Overall, the training hyperparameter sensitivity 
analysis demonstrates that the PNR model has good 
optimization stability, while the neighborhood-size anal‐
ysis further shows that the geometry feature aggrega‐
tion scale is an important factor affecting model per‐
formance. Although the parameter analysis in this 
work remains preliminary, these results suggest that fu‐
ture work could further optimize sampling strategies, 
learning-rate settings, and neighborhood-scale selection 
in a more systematic manner. Exploring adaptive or 
multiscale aggregation mechanisms may also provide a 
promising direction for further improving the predic‐
tion accuracy and generalization capability of models 
for complex aircraft aerodynamic characteristics.

5 Conclusions and future work 

Focusing on the critical challenge of generaliza‐
tion for 3D aircraft surface pressure fields under multi-
condition scenarios, this paper presents a systematic 
feature engineering study built upon the PointNextReg 

architecture. The study evaluates two fundamental de‐
sign choices: the fusion of geometric and condition 
features, where we compare static (concatenation) and 
dynamic approaches (inspired by DeepONet and Trans‐
former), and the backbone of geometry feature aggre‐
gation. Finally, two practical design guidelines are 
summarized:

(1) A condition-fusion strategy based on progres‐
sive static fusion and DS dynamic modulation should 
be adopted, while simple late-stage concatenation 
should be avoided, and attention-based reweighting 
mechanisms should be used with caution. This study 
finds that the geometry–condition fusion strategy has 
a significant impact on model prediction perfor‐
mance. Simply concatenating the condition feature at 
the final regression stage tends to weaken generaliza‐
tion. In contrast, early fusion, multilevel fusion, and 
deep global fusion allow condition information to par‐
ticipate more fully in geometry feature extraction and 
aggregation, leading to performance closer to the early-
fusion baseline and providing a more robust modeling 
foundation. The dynamic fusion experiments further 
show that the effectiveness of dynamic mechanisms 
depends strongly on the data scale. Attention-based 
dynamic reweighting strategies do not provide stable 
improvements and show stronger data dependence 
and larger error fluctuations. In contrast, DS modula‐
tion shows greater potential when sufficient training 
samples are available. This suggests that directly mod‐
ulating geometry features with condition information 
is feasible, but the expressive capacity of the modula‐
tion mechanism must be balanced with the preserva‐
tion of geometric information.

(2) A hybrid backbone with dynamic aggrega‐
tion in dense stages and static aggregation in sparse 
stages should be adopted to balance prediction accuracy 
and computational cost. This study finds that the ef‐
fectiveness of dynamic geometric aggregation mod‐
ules is highly dependent on their deployment location. 
Directly replacing all static InvResMLP modules with 
PT blocks does not necessarily improve performance 
and may even degrade prediction accuracy. A more 
effective strategy is to introduce more expressive dy‐
namic aggregation modules in the high-resolution 
dense point cloud stages, where rich local neighbor‐
hood information can be used to capture critical geo‐
metric details. In contrast, in the down-sampling sparse 
point cloud stages, more robust static aggregation 

Table 4  Effect of neighborhood size k on the EMS of Cp over 

100 unseen test samples

Size

k=4 (baseline)

k=16

EMS of Cp

Limited-data
8.66×10−4

6.64×10−4 
(−23.3%)

Moderate-data
5.49×10−4

4.88×10−4 
(−11.1%)

Full-data
5.72×10−4

4.72×10−4 
(−17.5%)
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modules should be retained to extract global features 
stably through their structural inductive biases. This 
hybrid design improves expressive capacity while re‐
ducing the risk that dynamic modules learn spurious 
correlations from sparse point clouds.

Overall, this study systematically extends and ana‐
lyzes the PointNextReg baseline for 3D aircraft surface 
pressure-field prediction. By focusing on condition–
geometry feature fusion and geometry feature aggre‐
gation, it clarifies how different module designs affect 
generalization, stability, and computational cost, and 
summarizes practical design principles for subsequent 
point cloud surrogate models. For practical applica‐
tions, the balance between accuracy and efficiency 
should be considered according to the design stage. 
Lightweight fusion and aggregation strategies are more 
suitable for preliminary design, where rapid iteration 
is needed, whereas the transformer-based up-sampling 
design may be preferable for detailed design, where 
prediction accuracy is prioritized.

However, the present work remains a data-driven 
surrogate modeling study based on precomputed CFD 
samples and a specific family of 3D aircraft configu‐
rations. Therefore, the proposed design principles 
should be regarded as references for similar point cloud 
pressure-field modeling tasks, rather than universal 
rules for all aircraft families and flow regimes. More 
systematic evaluation across different aircraft families, 
flow regimes, and distribution shifts will be an impor‐
tant direction for future work. In addition, the models 
depend on dataset quality and coverage and do not ex‐
plicitly impose variational physical constraints, directly 
solve the governing equations, or quantify physical 
input uncertainty. Integrating point cloud surrogate 
models with the deep energy method (Samaniego et al., 
2020) or variational physics-informed neural oper‐
ators (Eshaghi et al., 2025) is another important direc‐
tion for improving physical consistency, uncertainty 
handling, and inverse-design capability.
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